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Abstract 26 
Most phenotypes are determined by molecular systems composed of specifically interacting 27 
molecules. However, unlike for individual components, little is known about the 28 
distributions of mutational effects of molecular systems as a whole. We ask how the 29 
distribution of mutational effects of a transcriptional regulatory system differs from the 30 
distributions of its components, by first independently, and then simultaneously, mutating a 31 
transcription factor and the associated promoter it represses. We find that the system 32 
distribution exhibits increased phenotypic variation compared to individual component 33 
distributions - an effect arising from intermolecular epistasis between the transcription 34 
factor and its DNA-binding site. In large part, this epistasis can be qualitatively attributed 35 
to the structure of the transcriptional regulatory system, and could therefore be a common 36 
feature in prokaryotes. Counter-intuitively, intermolecular epistasis can alleviate the 37 
constraints of individual components, thereby increasing phenotypic variation that selection 38 
could act on and facilitating adaptive evolution.  39 
 40 
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Introduction 51 
Distributions of mutational effects (DMEs) and the nature of the interactions among 52 
mutations (epistasis) critically determine evolutionary paths and outcomes (Eyre-Walker 53 
and Keightley 2007; de Visser and Krug 2014). DMEs are central to a range of 54 
fundamental questions in evolutionary biology (Halligan and Keightley 2009), including 55 
understanding the origins of novel traits (Soskine and Tawfik 2010), evolution of sex and 56 
recombination (Otto and Lenormand 2002), and maintenance of genetic variation 57 
(Charlesworth et al. 1995). In contrast to selective constraints, which act on the variation 58 
already present in a population, biophysical laws and molecular mechanisms that define 59 
how a molecular system functions constrain the access to phenotypic variation through 60 
mutation (Camps et al. 2007; Wagner 2011), and in doing so determine the shape of the 61 
DME (Fontana and Buss 1994).  62 
 63 
Even though most phenotypes are determined by underlying molecular systems that consist 64 
of multiple specifically interacting molecular components, direct and systematic 65 
experimental estimates of DMEs have been limited to the two extremes only: either at the 66 
level of the whole organism, obtained in mutation accumulation studies (Halligan and 67 
Keightley 2009); or at the level of individual components, such as proteins (Wang et al. 68 
2002; Bershtein et al. 2006; Sarkisyan et al. 2016) and DNA-binding sites for transcription 69 
factors (Kinney et al. 2010; Shultzaberger et al. 2012; Yun et al. 2012; Metzger et al. 70 
2015), determined through direct mutagenesis. Knowing only the effects of mutations in 71 
individual molecular components might be insufficient to understand how the whole 72 
system evolves, as recent studies focusing on the interaction of mutations in two 73 
components of a molecular system uncovered the existence of pervasive intermolecular 74 
epistasis (Anderson et al. 2015; Podgornaia and Laub 2015). Because of the large 75 
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mutational space of proteins, these studies focused only on mutations in specific residues 76 
that lie at the interface between the two interacting molecules. In contrast, addressing the 77 
more general question of how intermolecular epistasis shapes DMEs of molecular systems 78 
is only possible by experimentally tackling the nearly prohibitive space of possible 79 
mutational combinations, which even for single components is conceivable only in rare 80 
cases (Sarkisyan et al. 2016). Here, by using one of the best understood transcriptional 81 
regulation systems, we experimentally ask how the DME of a system differs from the 82 
DMEs of its constitutive components.  83 
 84 
To address this question, we used a simple gene regulatory system based on the canonical 85 
Lambda bacteriophage switch (Ptashne 2011), consisting of three components – the σ70 86 
RNA polymerase complex (together, we refer to them as RNAP), transcription factor CI 87 
(trans-element), and the PR cis-element that contains the overlapping DNA-binding sites of 88 
the two proteins (Fig.1). These three molecular components interact to produce a 89 
quantitative phenotype: gene expression. Specifically, we used a genetic system in which a 90 
strong promoter PR controls the expression of a yellow fluorescence protein (yfp), and is 91 
repressed by the CI repressor, which we placed under the inducible promoter PTET 92 
(Fig.1B,C). This system exhibits high yfp expression in the absence of CI, where the level 93 
of expression is determined solely by RNAP binding. However, in the presence of CI, 94 
achieved by the induction of the PTET promoter, the system is strongly repressed (Fig.2A). 95 
We find that, even in such a simple transcriptional regulatory system, the DME of the 96 
system differs unexpectedly from the individual component DMEs, and that most of this 97 
difference can be directly attributed to the genetic regulatory structure of the system.  98 
 99 
Results 100 
 5 
To determine the DMEs of individual components in our system, we performed direct 101 
mutagenesis on the cis- and the trans-element independently. For each component, we 102 
created libraries with approximately 0.01, 0.04, and 0.07 mutations per nucleotide (low, 103 
intermediate, and high mutation probability libraries, respectively). Due to the different 104 
sizes of the two components (84bp for cis and 714bp for trans), mutants in cis-element 105 
libraries contained on average 1, 3, and 6 mutations, while mutants in trans-element 106 
libraries contained on average 7, 28, and 49 mutations, respectively. We did not mutate the 107 
σ70 – RNAP complex due to its cell-wide pleiotropic effects. For assessing the DMEs of the 108 
system, we created three additional ‘system mutant libraries’ by combining cis- and trans-109 
element mutant libraries of the same mutation probability. Each library consisted of more 110 
than 30,000 uniquely transformed individuals, and we estimated the corresponding DME 111 
for each library by measuring fluorescence, i.e. gene expression, of one million randomly 112 
sampled individuals by flow cytometry. We quantified the differences in DMEs in two 113 
ways. First, by observing the frequency of mutants in three biologically meaningful 114 
categories (Fig.2A): (i) mutants that are indistinguishable from the wildtype without the CI 115 
repressor (‘high expression phenotypes’); (ii) mutants indistinguishable from the wildtype 116 
with CI (‘no expression phenotypes’); and, importantly for our argument, (iii) mutants with 117 
expression levels that the wildtype cannot achieve (‘intermediate expression phenotypes’). 118 
Second, by calculating the Shannon entropy, which quantifies how uniformly the mutants 119 
cover the entire range of possible gene expression phenotypes.  120 
 121 
DMEs of the cis- and the trans-element are categorically different 122 
The difference between the effects of mutations in the cis- (Fig.2B,C,D) and the trans-123 
element (Fig.2E,F,G) is unambiguous. Most cis-element mutants, in the presence of CI, 124 
have low expression (Fig.2B,C,D). Such low expression can result either from sufficient CI 125 
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repressor binding and/or impaired RNAP binding. The frequency of mutants with an 126 
intermediate expression phenotype in the presence of CI increases with the average number 127 
of mutations, a pattern that is also observed in cis-element libraries in the absence of CI 128 
(Fig.2 - Figure Supplement 1B,C,D). In contrast, the effects of mutations in the trans-129 
element have a distinctive bimodal distribution (Fig.2E,F,G). The two peaks in the 130 
distribution correspond to the expression levels of the wildtype population in the absence 131 
and presence of CI, revealing that the majority of CI mutants are either fully or close to 132 
fully functional, or completely inactive on the wildtype cis background. Furthermore, 133 
increasing the average number of mutations in the trans-element decreases the frequency of 134 
intermediate expression phenotypes. As the shape of the DME is determined by the 135 
underlying biophysical and mechanistic constraints that limit the phenotypic variation 136 
accessible through mutation, we conclude that the cis- and the trans-element have 137 
categorically different constraints. This categorical difference is best observed in a direct 138 
comparison between high mutation cis (Fig.2D) and low mutation trans (Fig.2E) libraries, 139 
which have approximately the same average number of mutations. 140 
 141 
In order to further demonstrate that this categorical difference is not an artifact of the 142 
different number of mutations introduced into each element, we show that the same general 143 
trend is evident when comparing the effects of 150 random single point mutations of 144 
known identity in each, the cis- and the trans-element (Fig.2 – Figure Supplement 2A,B). 145 
These measurements were done at the population level, in a plate reader. Point mutations in 146 
the cis-element, when only their effect on RNAP binding is measured, show a high 147 
frequency of intermediate expression levels. This is in agreement with other studies of 148 
prokaryotic (Kinney et al. 2010) and eukaryotic (Shultzaberger et al. 2012) DNA-binding 149 
sites. Similarly, we find a bimodal distribution of single mutation effects in the trans-150 
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element CI, which has previously been reported for other transcription factors (Pakula et al. 151 
1986; Markiewicz et al. 1994) and enzymes (Jacquier et al. 2013), and may be a common 152 
feature of proteins that are close to their optimum (Soskine and Tawfik 2010; Bataillon and 153 
Bailey 2014).  154 
 155 
Mutating the whole system increases phenotypic variation  156 
The DMEs for the system, in which both the cis- and the trans-element are mutated 157 
simultaneously, show a surprising pattern: a higher frequency of intermediate phenotypes 158 
compared to either of the individual component DMEs (Fig.2H,I,J). This pattern can also 159 
be observed in the library of 150 random system double mutants (Fig.2 – Figure 160 
Supplement 2), which consist of a unique combination of the previously described point 161 
mutations in cis and in trans (comparing system to cis: DKS = 0.39, P<0.0001; system to 162 
trans: DKS = 0.66, P<0.0001). Furthermore, the frequency of intermediate phenotypes 163 
increased with the average number of mutations (Fig.2). At intermediate and high mutation 164 
probabilities, the Shannon entropy of the system DMEs was also greater than the entropy of 165 
either of its constitutive components (Fig.2; Fig.2 – Figure Supplement 3), indicating that 166 
mutating the whole system gives rise to a more uniform range of possible phenotypes. The 167 
existence of a difference between system DMEs in the absence (Fig.2 – Figure Supplement 168 
1H,I,J) and in the presence of repressor CI (Fig.2H,I,J) indicates that a substantial portion 169 
of mutant CIs exhibit binding to the mutated cis-element backgrounds, and are thus 170 
functional repressors that specifically recognize operator mutants.  171 
 172 
We tested if the observed differences between the system and the component DMEs might 173 
arise from differences in the gene expression noise of mutants - if the system mutants have 174 
greater noise, they could also lead to an increase in the frequency of intermediate 175 
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phenotypes. However, this is unlikely as, for every mutation probability, we observed no 176 
difference in gene expression noise in our flow cytometry measurements (measured as the 177 
coefficient of variation) between 20 randomly selected system, cis, and trans mutants in the 178 
presence of CI (Fig.2 – Figure Supplement 4;5;6). Furthermore, gene expression noise was 179 
constant between all 180 random isolates (60 isolates from each of the three mutation 180 
probabilities) irrespective of their mutation probability (Fig.2 – Source Data 1).  181 
 182 
Intermolecular epistasis drives the increase in phenotypic variation 183 
We wanted to understand if the observed increase in the abundance of intermediate 184 
phenotypes when the whole system mutates (Fig.2) can be attributed to epistatic interactions 185 
between mutations in the cis- and the trans-element. Since we use log10 of expression as our 186 
phenotype of interest, we calculate epistasis between mutations in the two components of 187 
the system (what we call intermolecular epistasis) as the deviation from the additive 188 
prediction based on single component effects. The additive null prediction for interactions 189 
between mutations, when considering only three possible categories of mutational effects 190 
(‘no’, ‘intermediate’, and ‘high expression’), is shown in Table 1. The standard approach of 191 
extending these predictions to whole distributions requires a convolution of individual 192 
component DMEs (Orr 2003; Lee et al. 2010). To obtain this ‘naïve’ null prediction, we 193 
convolved the observed trans-element DME (shown in Fig.2E,F,G) with the distribution 194 
showing how mutations in cis alter wildtype expression (for further details, see Materials 195 
and Methods). Note that effectively no mutations in cis or trans decrease expression relative 196 
to the wildtype, resulting in a ‘naïve’ system prediction exhibiting an increase in the 197 
frequency of mutants with high expression phenotypes, as seen in Fig.2H,I,J. We find that 198 
‘naïve’ convolution predictions, which are carried out in the absence of any knowledge of 199 
the genetic regulatory structure of the system, are significantly different from the observed 200 
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system distributions (Fig.2H,I,J), suggesting the existence of intermolecular epistasis 201 
between the two components. 202 
 203 
To further show that intermolecular epistasis between the cis- and the trans-element is a 204 
common feature of our system that shapes DMEs not only at elevated mutation rates but 205 
also when only a single point mutation is present in each of the components, we utilized the 206 
previously described 150 random system double mutants (Fig.2 – Figure Supplement 2), 207 
which consist of a unique combination of a single point mutation in cis and a single point 208 
mutation in trans (Fig.3 – Figure Supplement 1; Fig.3 – Source Data 1). In a plate reader, 209 
and hence at the level of a monoclonal population, we measured expression levels of all 210 
150 system double mutants, as well as their corresponding single mutants, in the presence 211 
of CI (Fig.2 – Figure Supplement 2). From these measurements, we calculated epistasis as 212 
the deviation from the additive expectation based on wildtype-normalized single mutant 213 
effects. This definition of epistasis mirrors the convolution approach utilized for the 214 
analysis of DMEs in Fig.2. 215 
 216 
Intermolecular epistasis was common between single point mutations in our system, as 71 217 
of 150 double mutants significantly deviated from their additive expectations (Fig.3, Fig.3 218 
– Figure Supplement 2). As such, intermolecular epistasis impacts expression levels in the 219 
system not only when a relatively large number of mutations accumulate, as shown in 220 
Fig.2, but also when a single point mutation is introduced in each of the components. 221 
Furthermore, 53 of these 71 mutants were in positive epistasis, meaning that the double 222 
mutant effect was higher than expected based on single mutant effects. Such positive 223 
epistasis contributes to the observed increase in the frequency of mutants with intermediate 224 
phenotypes in the system (Fig.2 – Figure Supplement 2), as seemingly neutral trans 225 
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mutations, which fully repress the wildtype cis, show elevated expression on mutated cis 226 
backgrounds. On the other hand, the presence of negative epistasis indicates a penetrant 227 
trans mutation, whose high expression on the wildtype cis is decreased on a mutated cis 228 
background. Such epistasis most frequently arises from loss of function trans mutations, in 229 
which the system expression level in the presence of CI is determined only by the effect of 230 
the cis mutation in the absence of CI. Consequently, we observed negative epistasis in eight 231 
of ten trans single point mutants that exhibited no measurable repression (Fig.3 – Source 232 
Data 2). We did not identify any relationship between the presence of intermolecular 233 
epistasis and the physical location of mutations in the trans- (χ2(4) = 2.02; P=0.73) or the 234 
cis-element (χ2(5) = 1.69; P=0.89)(Fig.3 – Source Data 1), indicating that even though 235 
individually mutations in some loci have a greater effect on expression level, they are not 236 
associated with any particular form of epistasis. 
 
237 
 238 
Intermolecular epistasis arises from the genetic regulatory structure of the system 239 
In the system we study, the genetic regulatory structure (Fig.1) indicates that mutations in 240 
cis affect both the binding of RNAP and of the repressor. A comparison to the ‘naïve’ 241 
convolutions performed without accounting for this regulatory structure (Fig.2) 242 
demonstrates that the presence of intermolecular epistasis prevents accurate predictions of 243 
system DME from individual component DMEs. We wanted to understand if these 244 
predictions could be improved by accounting for the effects of cis-element mutations on 245 
RNAP binding, which are measured in the absence of CI. In other words, we wanted to 246 
connect the basic knowledge of the regulatory structure of the system to the epistasis 247 
between mutations in the two components.   248 
 249 
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To do so experimentally, we combined the high mutation probability cis and the low 250 
mutation probability trans-element libraries (Fig.4). We chose these two libraries because 251 
they have similar expected number of mutations (n ~ 6), therefore minimizing a potential 252 
bias in their mutational effects arising from the difference in the number of mutations in the 253 
two components.  We used FACS to partition the mutant libraries into the three phenotypic 254 
bins (no expression, intermediate, and high expression, as in Fig.2). In this manner we 255 
partitioned two libraries: the high mutation cis-element library in the absence of CI (Fig.2 – 256 
Figure Supplement 1D) and the low mutation trans-element library in the presence of CI 257 
(Fig.2E). We constructed nine new mutant libraries with all possible combinations of these 258 
partitions (Fig.5A-I). From these combination DMEs, measured in the presence of CI, we 259 
calculated the expected frequencies of mutants in each of the three categories, by weighting 260 
each combination DME by the relative frequency of the original trans-element partition it 261 
was derived from. Then, the predicted frequency in each category of the system DME is the 262 
sum of the weighted counts in the corresponding category across all nine DMEs (see 263 
Methods). These predicted frequencies were not different from the observed ones (Table 2). 264 
As such, only by experimentally accounting for the genetic regulatory structure of the 265 
system (Fig.1) can we accurately predict mutant frequencies in three biologically 266 
meaningful categories and qualitatively explain how the cis background alters the 267 
phenotypic effects of trans-element mutations, as detailed in the legend to Fig.5. 268 
 269 
We also produced a mathematical prediction of the system DME that incorporated the 270 
knowledge of its genetic regulatory structure. To do so, in addition to incorporating the 271 
knowledge of the effects of cis mutations in the absence of CI, we also assumed that all 272 
trans-element mutations that have high expression (same expression as the wildtype in the 273 
absence of CI) are loss-of-function mutants, which do not bind any mutated cis. When 274 
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convolving the two component distributions, the effects of such loss-of-function trans 275 
mutants are removed and replaced by the cis-element DME in the absence of CI. This 276 
approach, which accounts for the effects of cis mutations on RNAP binding, captures the 277 
frequencies of mutants in the three phenotypic categories (‘no’, ‘intermediate’, and ‘high’ 278 
expression) more accurately than the ‘naïve’ convolutions (Fig.4; Table 2; Fig.2 – Figure 279 
Supplement 7). From a theoretical evolutionary perspective, it is the deviations from a 280 
simple additive model that have well-documented consequences for organismal evolution, 281 
as they determine the ruggedness of the adaptive landscape (de Visser and Krug 2014). 282 
Here, we show how those deviations emerge from the underlying genetic regulatory 283 
structure, and hence how they might lead to better predictions of regulatory system DMEs.  284 
 285 
Accounting for the genetic regulatory structure of the system does not explain all 286 
intermolecular epistasis 287 
While considering the effects of cis-element mutations on RNAP binding explains 288 
intermolecular epistasis to an extent that allows more accurate predictions of system 289 
DMEs, it might not explain all of it. To determine the extent to which intermolecular 290 
epistasis cannot be explained by accounting for the genetic regulatory structure of the 291 
system, we constructed a second library of 150 system double mutants. This time, instead 292 
of randomly combining point mutations in cis- and trans-elements, we combined point 293 
mutations with a specific phenotype. Namely, all cis-element point mutants exhibited high 294 
expression in the absence of CI, meaning that the binding of RNAP was not measurably 295 
impaired (Fig.6 – Figure Supplement 1A). All point mutations in trans used to assemble the 296 
150 double mutants exhibited no expression (Fig.6 – Figure Supplement 1B), meaning that 297 
these mutants had a fully functional trans-element on the wildtype cis background. The 298 
system double mutant library made in this manner corresponds to the partition combination 299 
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shown in Fig.5C. In such a library, in the presence of CI, the additive null model predicts 300 
that a double mutant would exhibit the same phenotype as its cis point mutant, when the 301 
corresponding trans mutant maintains the same binding properties as the wildtype CI. 302 
When this is true, the system double mutant would not be in significant epistasis. 303 
Conversely, the system double mutant in this library would be in significant epistasis only 304 
when the trans mutant binds the mutated cis differently than the wildtype trans does.  305 
 306 
We found that 15 double mutants in this library are in significant epistasis (Fig.6). These 307 
mutants maintained a decreased yet substantial dynamical range between the two 308 
environments (absence and presence of CI), and hence were still functional regulators 309 
(Fig.6 – Source Data 1). Furthermore, all 15 were in positive epistasis, indicating that the 310 
double mutant effect is greater than the additive expectation. In such mutants, trans 311 
mutations are phenotypically neutral on the wildtype cis, but not on a mutated cis 312 
background, meaning that the trans mutant binds the mutated cis less strongly than the 313 
wildtype CI does. It is worth noting that the lack of mutants that are in negative epistasis in 314 
this library might be due to the strong wildtype binding of the CI repressor, so that 315 
introducing point mutations in trans that improve binding is highly unlikely. When 316 
mutations in trans induce alterations to the binding properties of the repressor (but not 317 
complete loss of function), intermolecular epistasis cannot be accounted for by the 318 
underlying structure of the genetic regulatory network. Interestingly, a disproportionate 319 
number of double mutants that were in positive epistasis carried a trans mutation in the 320 
linker region of the CI (χ2(4) = 20.66; P<0.0005), which connects the N-terminal DNA 321 
binding domain with the C-terminal dimerization domain (Fig.6 – Figure Supplement 2; 322 
Fig.6 – Source Data 2). This is in contrast to the random double mutant library (Fig.3), 323 
where we found no relationships between location of mutation and epistasis. 324 
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 325 
Discussion: 326 
In this study, we show that mutating a molecular system with the most common 327 
transcriptional regulatory structure in prokaryotes (Salgado et al. 2013), namely a 328 
repressible promoter, increases phenotypic variation beyond what can be achieved by 329 
mutating any of the individual components alone. We focused on the phenotypic effects, 330 
rather than the fitness effects of mutations, in order to minimize the complexity of the 331 
studied system and also to enable a more direct interpretation of the results, as fitness 332 
effects of mutations depend on a much larger, and often unknown, set of factors than 333 
simply their phenotypic effects. Doing so enables an interpretation of observed DMEs in 334 
the light of their underlying molecular mechanisms, as recently shown for a prokaryotic 335 
(Lagator et al. 2017) and a eukaryotic cis-regulatory element (White et al. 2016). 336 
Furthermore, while previous studies investigated the effects of specific mutations in the 337 
contact surface between two molecules (Anderson et al. 2015; Podgornaia and Laub 2015), 338 
their local nature, imposed by the large mutational space of proteins, prevented conclusions 339 
about DMEs of molecular systems. Precisely because our experimental approach allowed 340 
us to overcome these obstacles, we were able to show how the regulatory network structure 341 
determines intermolecular epistasis, indicating a broad range of conditions under which the 342 
additive null models of interactions between mutations might be inaccurate.  343 
 344 
The observed increase in the frequency of intermediate phenotypes arises, in large part, 345 
from intermolecular epistasis between the two components of the system, most of which 346 
can be attributed to the structure of the gene regulatory system. The observed increase is 347 
due to both positive and negative epistasis. When intermolecular epistasis is positive, 348 
mutations in cis expose the genetic variation hidden in originally phenotypically neutral 349 
 15 
trans mutations. This can be achieved in two ways: (i) through changes in the RNAP and 350 
repressor binding sites, which are accounted for by considering the genetic regulatory 351 
structure of the system (Fig.5); or (ii) when mutations in trans change the binding 352 
preference of the repressor, so that a mutation in cis decreases the binding of the mutated 353 
trans more than it decreases the binding of the wildtype repressor (Fig.6). Negative 354 
intermolecular epistasis, on the other hand, arises when: (i) the trans mutations are 355 
penetrant, so that their effects (in particular, increased expression) are buffered by 356 
mutations in cis. This epistasis is frequently observed when trans mutations lead to a 357 
complete loss of binding (high expression phenotype), so that the system phenotype 358 
becomes the same in the presence and in the absence of CI (Fig.3). In other words, the 359 
system undergoes a qualitative transition from a three-component and thus a regulated 360 
promoter, to a two-component or a constitutive promoter. Under these conditions, the 361 
system phenotype is determined only by the effect of cis mutations on RNAP binding, and 362 
can be thus explained by considering the genetic regulatory structure of the system (Fig.5). 363 
(ii) Negative epistasis can also arise when trans-element mutations alter the binding 364 
preference of the repressor, so that the mutated trans binds mutated cis more strongly than 365 
the wildtype repressor does. We found no evidence for this type of epistasis in the library 366 
of 150 random double mutants, likely due to our use of the Lambda PR promoter, which 367 
binds the repressor very tightly.   368 
 369 
In the studied system, we demonstrate that intermolecular epistasis is present even between 370 
single point mutations in the cis- and the trans-element (Fig.3), and not only when a larger 371 
number of mutations accumulates in each component (Fig.2). When considering 372 
interactions between point mutations (Fig.3;6), we identified that positive epistasis 373 
contributes disproportionately to the increase in the frequency of intermediate phenotypes. 374 
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The extent to which positive, as opposed to negative, epistasis drives the observed increase 375 
in the intermediate phenotypes when a greater number of mutations are present in the 376 
components (Fig.2) cannot be addressed without knowing the effects of specific molecular 377 
interactions between a prohibitively large number of mutation combinations.  378 
 379 
Epistasis has been shown to impose constraints on evolutionary paths by increasing the 380 
ruggedness of the adaptive landscape both in theoretical and experimental studies 381 
(Whitlock et al. 1995; Barton and Partridge 2000; Weinreich et al. 2006; Poelwijk et al. 382 
2011; Breen et al. 2012; Podgornaia and Laub 2015). Our data suggests that, for 383 
transcriptional regulatory networks, mutating the system of specifically interacting 384 
components alleviates the biophysical and mechanistic constraints acting on individual 385 
components, and in doing so increases phenotypic variation accessible through mutation. 386 
This role of intermolecular epistasis as a facilitator rather than a constraint on evolution 387 
arises, in significant part, directly from the genetic structure of a repressible transcriptional 388 
regulatory system. As such, it might be a common feature in prokaryotes, where repression 389 
through direct binding site overlap with RNAP forms the most common type of 390 
transcriptional regulatory system organization (Salgado et al. 2013). In these and other 391 
similar systems, potential paths for protein evolution might be more abundant when the 392 
interacting DNA-binding site is also mutating, as mutations in the partner component can 393 
expose the genetic variation hidden in originally phenotypically neutral mutations. Such 394 
intermolecular epistasis could give rise to punctuated protein evolution (Fontana and 395 
Schuster 1998) – long periods of phenotypic stasis during which a transcription factor 396 
accumulates neutral mutations, interrupted by rapid adaptive evolution facilitated by 397 
mutations in the DNA-binding site. Furthermore, a gene might be horizontally transferred 398 
with its cognate cis-element, but without its cognate regulator. Then, intermolecular 399 
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epistasis between the transferred cis-element and the orthologous transcription factor may 400 
reveal previously unavailable phenotypes that can facilitate adaptation to new niches. 401 
Therefore, accumulating mutations in the entire system, as opposed to only in a single 402 
component, appears to facilitate evolution both by extending the neutral sequence space, 403 
and hence increasing diversity through drift (Lynch and Hagner 2015), as well as by 404 
increasing the available phenotypic variability. 405 
 406 
Materials and Methods 407 
 408 
Gene regulation in the Lambda phage switch 409 
The right regulatory region of Lambda phage (OR) is responsible for the decision-making 410 
between lysis or lysogeny (Johnson et al. 1981). The regulatory region consists of two RNA 411 
polymerase (RNAP) binding sites - promoters PR and PRM (not shown), and three CI/Cro 412 
transcription factor operators (OR1, OR2, and OR3) (Fig.1A). In the wildtype system, the 413 
strong promoter PR leads to expression of the transcription factor Cro. The transcription 414 
factor CI represses PR promoter by direct binding-site competition with RNAP.  415 
 416 
Synthetic system  417 
We used a synthetic system based on the Lambda phage switch, in which we decoupled the 418 
cis- and trans-regulatory elements (Fig.1B,C). We removed cI and substituted cro with 419 
venus-yfp (Nagai et al. 2002) under control of PR promoter, followed by a T1 terminator 420 
sequence. The OR3 site was removed in order to remove the PRM promoter. Separated by a 421 
terminator sequence and 500 random base pairs, we placed cI under the control of PTET, an 422 
inducible promoter regulated by TetR (Lutz and Bujard 1997), followed by a TL17 423 
terminator sequence. In this way, concentration of CI transcription factor in the cell was 424 
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under external control, achieved by addition of the inducer anhydrotetracycline (aTc). The 425 
entire cassette was inserted into a low-copy number plasmid backbone pZS* carrying a 426 
kanamycin resistance gene (Lutz and Bujard 1997). In this system, cI constitutes the trans-427 
element, while the PR promoter together with the two CI operator sites OR1 and OR2 make 428 
the cis-element.  429 
 430 
Creating the mutant libraries 431 
The library of cis- and trans-element mutants was created using the GeneMorph II
TM
 432 
random mutagenesis kit (Agilent Technologies, Santa Clara, US). We created three mutant 433 
libraries with different average probability of mutations (0.01, 0.04, and 0.07 mutation 434 
chance per nucleotide) for both the transcription factor (714bp) and the PR cis-regulatory 435 
element (84bp). Therefore, the average number of mutations per mutant in the trans-436 
element libraries was 7, 28, or 49, while in the cis-element it was 1, 3, or 6, respectively. 437 
We applied the same likelihood of mutation per nucleotide rather than using the same actual 438 
number of mutations between equivalent cis- and trans-element libraries in order to more 439 
accurately represent the biological process of mutagenesis.  440 
 441 
PCR products of mutagenesis reactions were ligated into the wildtype construct, and 442 
inserted into One-Shot® Top10 cells (Life Technologies, Carlsbad, US). This step was used 443 
to maximize the library diversity due to One-Shot® Top10 cells’ high competency. 444 
Following electroporation, cells were plated at low concentrations on selective kanamycin 445 
plates to allow single colony formation and minimize resource competition, and grown 446 
overnight. Using chilled LB media, colonies were washed off the plates and collected. To 447 
ensure large coverage, we cloned mutagenized PCR products until we obtained at least 448 
30,000 individual colonies (uniquely transformed individuals). Due to the stochastic nature 449 
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of the mutagenesis protocol used (Agilent Technologies), the number of uniquely 450 
transformed individuals did not necessarily equal the number of different mutant genotypes, 451 
especially at low mutation rates. To illustrate, when the mutation rate was low so that a cis-452 
element mutant would have on average only 1 mutation, some PCR mutagenesis products 453 
did not contain any mutations. When mutations were in the trans-element, which is ~10-454 
fold longer, almost all PCR mutagenesis products contained several mutations. Using the 455 
information provided by the supplier (which we verified by sequencing 40 mutants from 456 
each cis and trans library, see below) on the distributions of the number of mutations (given 457 
a mutagenesis rate), we estimated that approximately 34.2%, 3.5%, and 0.2% of the low, 458 
intermediate, and high mutation number cis-element libraries consisted of wildtype 459 
genotypes. The comparative proportion of wildtype genotypes in the trans-element libraries 460 
was 0.07%, 10
-13
%, and 10
-22
%.  461 
 462 
Populations containing a mixture of mutants with a given number of mutations were used to 463 
isolate plasmids, and clone them into the modified MG1655 strain expressing tetR gene 464 
from a constitutive PN25 promoter. We showed that the distributions of mutation numbers in 465 
40 isolated individuals from each library conformed to the distributions of mutation 466 
numbers provided by the supplier. We did this by comparing the actual distribution of the 467 
number of mutations to the Poisson distribution based on the predicted mutation probability, 468 
using a Kolmogorov-Smirnov (K-S) test (Fig.2 – Source Data 2). We used a power test to 469 
determine that the sample size of 40 was sufficient to verify the predicted number of 470 
mutations, with power set at 0.80 and desired detectable difference of ±0.5 mutations. 471 
Among the 240 sequenced mutants from the six libraries (6x40), we found no bias towards 472 
a specific type of mutations (transitions vs. transversions), nor did we identify 473 
overrepresentation of any particular single point mutation or locus in this dataset. From the 474 
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sequenced mutants we could estimate the proportion of re-ligated wildtype plasmid, in 475 
which the mutated region was not inserted and instead the wildtype used as the cloning 476 
template re-ligated back (this is a common occurrence with any library created through 477 
standard restriction-digestion cloning techniques). By observing the frequency of wildtype 478 
genotypes in the sequenced trans libraries (which, due to the relatively large number of 479 
mutations should not contain any wildtype sequences), we estimate that <5% of each library 480 
is re-ligated with the wildtype insert (Fig.2 – Source Data 2). As this is a relatively small 481 
frequency to estimate precisely from sequencing 120 clones (3x40 trans library sequences), 482 
we do not account for it when considering the proportion of wildtype cells in each library. 483 
More importantly, this bias should be the same for all libraries and is therefore unlikely to 484 
alter our comparative analyses. Finally, among the 240 sequenced plasmids, we did not 485 
observe any that contained neither the mutated nor the wildtype insert, as all sequenced 486 
plasmids had an insert from cloning. 487 
 488 
To make the whole system libraries, we removed through restriction digestion the mutated 489 
cis-element from each cis library and cloned it into the plasmid library already containing 490 
trans-element mutants with the corresponding mutation probability. Note that system 491 
libraries created in this way would likely have somewhat reduced diversity compared to 492 
either cis or trans libraries, as stochastically some mutants present in the component 493 
libraries would not find their way into the combined system library. By our design, this 494 
potential reduction in diversity would be equally biased towards cis and trans mutants, and 495 
ought not to be inflated for one component compared to the other.  496 
 497 
In this study we set out to understand phenotypic effects of mutations and to connect the 498 
DMEs to the epistasis between the two components. To achieve this goal, we investigated 499 
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the DMEs in random mutant libraries, therefore without knowing the identity of the specific 500 
mutants. We did not characterize individual mutants, as drawing conclusion about the 501 
effects of specific mutations would require an unachievable high number of mutants to be 502 
analyzed. This was because the relatively large number of mutations introduced, in 503 
particular in the trans-element where each individual in the low mutation probability library 504 
contained on average 7 point mutations, meant that we covered a very large mutational 505 
space. As such, we would need to characterize an astronomical number of mutants to gain 506 
the statistical power necessary to discern the effects of individual mutations from the 507 
interactions between them. Marginal sampling of such a huge sequence space, which is the 508 
best we could achieve, would tell us nothing about how individual positions affect the 509 
overall DME.  510 
 511 
Single-cell fluorescence measurements 512 
In order to obtain the distributions of phenotypic effects of mutations in mutant libraries, we 513 
used flow cytometry/fluorescence activated cell sorting (FACS) to analyze expression levels 514 
of a yellow fluorescence protein. For all libraries, we measured gene expression levels both 515 
in the absence and in the presence of the transcription factor CI, determined by absence or 516 
presence of the inducer aTc, respectively. Throughout, we use log10 of expression level as 517 
our phenotype of interest. Mutant libraries, as well as the wildtype construct, were grown 518 
overnight in M9 minimal media supplemented by 1% casamino acids, 2% glucose, and 519 
30μg/ml kanamycin, and either without or with 8 ng/ml aTc. From this point, the 520 
investigator was blinded with respect to the identity of each processed library. Overnight 521 
populations were diluted 100 times, grown for two hours, diluted a further 10 times and 522 
their fluorescence measured in a BD FACSAria
tm
 III cell sorter. Fluorescence of 500,000 523 
cells was measured for each replicate of each library. Two independent replicates of each 524 
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mutant library and the monoclonal wildtype population in each of the two growth conditions 525 
were measured in the manner described above. All flow cytometry data was subsequently 526 
analyzed in FlowJo
tm 
version 10.0.8r1, and measurements with extreme FSC-A and SSC-A 527 
values were excluded from the analyses. The two replicate measurements of each library 528 
exhibited the same distributions of fluorescence phenotypes (tested by the K-S test) and 529 
were pooled together, to give a million counts for each library.  530 
 531 
We verified that 1 million individual measurements, as well as the library diversity of at 532 
least 30,000 mutants, accurately described phenotypic distributions of possible mutations. 533 
To ensure that we are capturing a significant proportion of all possible phenotypic effects, 534 
we subsampled progressively smaller number of measurements (n = 500,000; n = 250,000; 535 
n = 100,000; n = 50,000) of cis- and trans-element mutant libraries, in each relevant 536 
environment (both absence and presence of CI for cis-element libraries, and only presence 537 
of CI for trans-element libraries). We quantified the difference between each subsampled 538 
dataset and the corresponding full dataset using a K-S test, and found that, by randomly 539 
subsampling each dataset 50 times, the distributions of phenotypes in subsamples were not 540 
statistically different from the distribution of the full dataset (Figure 2 – Figure Supplement 541 
8).  542 
 543 
Calculating entropy of a DME 544 
Shannon entropy was used as an estimate of how uniform the distribution is across the 545 
whole range of possible phenotypes. The range of possible phenotypes was defined by the 546 
minimum and the maximum fluorescence measurement in the entire dataset, across all 547 
measured mutant library DMEs. Entropy was calculated as: 548 
𝑆 =  − ∑ Pk logPk 
k
+ log Δx 
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, where Pk is the frequency of fluorescence measurements in the k
th
 bin, and Δx is the width 549 
of the bin, which was set to 0.05. In principle, values of entropy estimates depend on the bin 550 
width, so we checked explicitly that our conclusions do not depend on this particular choice. 551 
Error associated with each entropy measurement was calculated using standard 552 
bootstrapping methods. We performed a nonparametric permutation test to assess if the 553 
differences in entropy are significant. 554 
 555 
Estimating gene expression noise from flow cytometry measurements 556 
We randomly isolated 20 cis, 20 trans, and 20 system mutants, from each mutation 557 
probability library, giving rise to 180 isolates. Power analysis (power.anova.test function in 558 
R statistical package) indicated that 20 samples in each category were sufficient to detect 559 
differences in gene expression noise of 2%, at significance level of 0.05 and power greater 560 
than 0.9. In a flow cytometer, we measured gene expression levels in the presence of CI in 561 
100,000 individual counts, for two replicates of each mutant isolate, as well as for the 562 
wildtype. First, using a K-S test, we confirmed that the two replicate distributions for each 563 
mutant were not significantly different. We combined the two replicate measurements, and 564 
then randomly sampled without replacement 5,000 reads from this common pool ten times 565 
(Fig.2 – Figure Supplement 4;5;6). Gene expression noise for each such sub-sample of 566 
5,000 reads was estimated as the coefficient of variation, as done in other studies on gene 567 
expression noise (Metzger et al. 2015). Note that the gene expression noise measured in this 568 
manner comes from two sources – the heterogeneity of gene expression between individual 569 
cells and the measurement error inherent in the flow cytometer. We assume that the 570 
measurement error is constant between all mutants, so that possible changes in the 571 
coefficient of variation would indicate a difference in the heterogeneity of gene expression 572 
between genetically identical individuals. Using ANOVA (aov function in R statistical 573 
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software, version 3.4.1), we asked if there were differences in the noise of gene expression 574 
between the 60 mutants of the same mutation probability, as well as between all 180 tested 575 
mutants. We performed this test separately for the mutants that had no expression (that were 576 
fully contained in the ‘no expression’ category), and for all other mutants. These two groups 577 
were treated separately because the flow cytometry fluorescence measurement is not 578 
responding to the same intracellular environment when the cell is producing a fluorescence 579 
protein and when it is not. As such, estimates of gene expression noise in the two 580 
categorically different types of intercellular environments are not directly comparable (Fig.2 581 
– Source Data 1). Note that the tests carried out across all three mutation probabilities, 582 
which included 95 mutants with no fluorescence and 85 mutants with fluorescence, found 583 
no differences in gene expression noise. The probability of mutants with significantly 584 
different noise existing in the library but not being detected at such sample sizes is less than 585 
10
-4 
(calculated using experimentally-observed within and between group variance and at 586 
power level of 0.9). For a library of 30,000 random mutants, this would mean that no more 587 
than 10 system mutants could have different gene expression noise. For such a small 588 
number of mutants to skew the observed system DMEs and lead to an increase in 589 
intermediate phenotypes would be possible only if they were strongly overrepresented in the 590 
library. This is unlikely the case, since all 180 isolated mutants had growth rates that were 591 
comparable to the wildtype, and hence increase in noise would have to be hugely beneficial 592 
on a very short time scale (around 10 generations). 593 
 594 
Naïve convolution of component distributions as the null model for additivity between 595 
mutations 596 
Let us consider the effects of mutations, mcis and mtrans, in two components of a system. As 597 
our phenotype of interest is log10 of fluorescence level, we assume that, if two mutations are 598 
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independent, their effects are additive: mexpected = mcis + mtrans. A deviation from this additive 599 
assumption is termed epistasis, so that: ε = mobserved - mexpected. Note that a deviation from an 600 
additive expectation in log is equivalent to a multiplicative prediction on the linear scale. 601 
When considering a library of mutants in two components, their effects are represented by 602 
corresponding DMEs, fcis(m) and ftrans(m), where m is the ‘true’ effect of a random mutation 603 
on the wildtype, in the absence of experimental noise and measurement errors. If one could 604 
obtain ‘true’ DMEs for mutant libraries (in the absence of any type of noise or error), then 605 
the additive null expectation should follow a simple convolution of the two distributions: 606 
fexpected = fcis * ftrans. Any deviation of the observed combined library DME (fobserved) from the 607 
fexpected is indicative of epistasis. 608 
 609 
In a realistic setting, experimental noise and instrumental error prevent direct measurements 610 
of the ‘true’ underlying DME (f), so that any measured DME (F) incorporates all the errors 611 
with its ‘true’ DME f. This means that, if the experimental noise and instrumental error do 612 
not change between mutants and across the dynamical measurement range, as is the case for 613 
our data (Fig.2 – Source Data 1; Fig.3 – Source Data 3), then the observed DME (F) of a 614 
mutant library is equivalent to a convolution between its ‘true’ underlying DME (f) and the 615 
measured wildtype distribution (Fwt): F = f * Fwt. In other words, the ‘true’ DME (f) shows 616 
how mutations alter wildtype expression. It follows that the additive prediction for the 617 
combined library, in the absence of epistasis, is a convolution of three DMEs:  618 
F
+
expected = f 
+
expected * F
+
wt = f 
+
cis * f 
+
trans * F
+
wt  619 
,where f 
+
cis and f 
+
trans are the ‘true’ distributions of the cis- and the trans-element, 620 
respectively, and the superscript ‘+’ indicates the presence of CI. The same equality would 621 
of course hold true in the absence of CI, but the analysis is trivial, as then the trans library 622 
shows no difference to the corresponding wildtype F
--
wt, i.e. f 
--
trans is a unit element for the 623 
 26 
operation of convolution (delta-distribution). For simplicity, we will omit the subscript 624 
when discussing DMEs obtained in the presence of CI.  625 
 626 
The additive prediction (multiplicative in log10 of expression) can be rewritten in two 627 
equivalent forms: 628 
 (i) Fexpected = Fcis * ftrans  629 
 (ii) Fexpected = fcis * Ftrans  630 
To obtain either of the underlying ‘true’ DMEs, we would need to deconvolve the wildtype 631 
distribution from one of the measured component library DMEs. However, although well 632 
understood and well behaved analytically, (de)convolutions are known to be highly unstable 633 
when used on numerical datasets, like ours. Therefore, we would need at least one of the 634 
component distributions in their analytical form. Instead of fitting one of the measured 635 
DMEs to some analytical representation followed by a deconvolution, we decided to 636 
directly ‘reverse engineer’ one of the component DMEs. We chose the cis DME in the 637 
presence of CI, as the simpler of the two. Concretely, we searched for fcis, such that its 638 
convolution with Fwt matches the observed Fcis as closely as possible. We assumed fcis to be 639 
from the gamma-family, as a relatively wide family of curves often used to describe DMEs 640 
(Fig.2 – Figure Supplement 9A). We optimized three parameters of the fcis: shape, scale, and 641 
location, to minimize the squared differences between the observed cis-element DME (Fcis) 642 
and fcis * Fwt (Fig.2 – Figure Supplement 9B). Note that the ‘true’ cis DME indicates that 643 
effectively all mutations in cis are either neutral or they increase expression. Because of 644 
this, convolving the ‘true’ cis distribution with any other distribution results in an overall 645 
increased expression, independently of where the original distribution is centered. This is in 646 
line with the usual treatment of single mutant effects: if an effect of a mutation is positive, 647 
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the additive model states that the effect remains positive (and the same), independently of 648 
the genetic background.  649 
 650 
After we obtained the ‘true’ DME for cis (fcis), we convolve it with the observed trans DME 651 
to produce a naïve null-model for the system DME in the absence of epistasis. Convolving 652 
without any adjustments results in a part of the predicted system DME that lies beyond the 653 
highest experimentally recorded fluorescence levels (Fig.2 – Figure Supplement 9C). 654 
Because we use one of the strongest known promoters, the Lambda PR, predictions that 655 
have higher expression than the wildtype are not biologically meaningful, as no 656 
combination of component mutations could experimentally result in such high expression 657 
levels. To reflect this maximal biologically obtainable limit to expression levels, we 658 
introduce a cutoff, effectively treating any mutant that would result in higher expression 659 
levels as having the wildtype expression. In practice, we (i) removed the high expression 660 
peak from the trans DME (as convolution with those mutants gives rise to higher expression 661 
levels), (ii) performed a convolution between the remainder of the trans DME and the fcis, 662 
(iii) introduced a smooth cutoff at maximum expression levels to the convolved distribution, 663 
and (iv) added back the residual part of the high-expressing mutants. More specifically in 664 
the first step, we fitted the fraction α of the wildtype distribution in the absence of CI (F--wt) 665 
to minimize its (square) difference to the right-hand part of the high-expression trans peak 666 
(Fig.2 – Figure Supplement 9D, E). In this way we obtained a smooth remainder to 667 
convolve with fcis, which will produce biologically realistic values. In the end, we add back 668 
the distribution of the wildtype in the absence of CI (F
--
wt), so to obtain a properly 669 
normalized predicted distribution (Fig.2 – Figure Supplement 9F). Because we impose this 670 
limit to the highest biologically obtainable expression level, convolving a hypothetical 671 
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distribution consisting of predominantly high expression phenotypes with the ‘true’ cis 672 
distribution (fcis) would result in only high expression phenotypes. 673 
 674 
The prediction for the system DME obtained in this manner reflects only two assumptions: 675 
the additive assumption of no epistasis, and the limit to maximal attainable expression 676 
levels. As such, this naïve prediction explicitly disregards any information about the genetic 677 
regulatory structure of the system. For each mutation probability, we evaluate if the 678 
predicted DME is different from the experimentally observed DME by conducting 679 
Pearson’s Chi-squared test to compare the frequencies of mutants in the three expression 680 
categories (‘no’, ‘intermediate’, and ‘high’ expression).  681 
 682 
Epistasis between random point mutants  683 
We created 150 mutants with a random point mutation in cis, and 150 mutants with a 684 
random point mutation in trans. Cis-element mutants were identified by Sanger sequencing 685 
of 400 randomly selected mutants from the cis-element library with low (0.01) mutation 686 
probability. To obtain 150 trans-element mutants, we repeated the random mutagenesis 687 
protocol on cI with a very low mutation rate (yielding approximately 1 mutation per kb). 688 
From this reaction, we randomly selected and sequenced 500 mutants in order to identify 689 
150 that contained only a single point mutation. Then, we created a library of 150 double 690 
mutants, with one point mutation in the cis- and the other in the trans-element. These 150 691 
double mutants were unique, as each one consisted of a unique pairing between cis and 692 
trans point mutations, so that no point mutations were found in more than one double 693 
mutant (Fig.3 – Source Data 1).  694 
 695 
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In a plate reader, we measured fluorescence levels of all 150 double mutants as well as of 696 
their corresponding point mutants. The mutants, as well as the wildtype, were grown 697 
overnight in M9 minimal media supplemented with casamino acids, 30μg/ml kanamycin, 698 
and either in the absence of CI or in the presence of CI (induced with 8ng/ml of aTc). The 699 
overnight populations were diluted 1,000-fold, grown until OD600 of approximately 0.05, 700 
and their fluorescence measured in a Bio-Tek Synergy H1 platereader. This procedure was 701 
replicated six times for each mutant. We performed a series of pairwise t-tests in order to 702 
determine which isolates had significantly different fluorescence to the wildtype. Using a K-703 
S test, we compared if the system double mutants had a higher frequency of intermediate 704 
phenotypes. 705 
 706 
Consistent with convolution-based analyses, we consider expression level as the log10 of 707 
fluorescence, so that epistasis is defined as a deviation from an additive model, as ε = msystem 708 
- (mcis + mtrans), where msystem is the wildtype-relative fluorescence of a system double 709 
mutant, and mcis and mtrans the wildtype-relative fluorescence of the two corresponding single 710 
mutants. Epistasis was calculated in the presence of CI, as in the absence of CI all trans 711 
mutants exhibited wildtype expression, and all system double mutants had the same 712 
expression as the cis mutant alone. In order to statistically determine which double mutants 713 
exhibited epistasis (i.e. ε not equal 1), we conducted a series of FDR-corrected t-tests. The 714 
errors were calculated based on six replicates, using error propagation to account for the 715 
variance due to normalization by the wildtype. Variance was not significantly different 716 
between measured mutants (Fig.3 - Source Data 2).  717 
 718 
It is possible that the estimates of epistasis through population-level measures of 719 
fluorescence levels in a plate reader might not be equivalent to estimates obtained through 720 
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flow cytometry. This would particularly be true if the gene expression noise varied 721 
significantly between mutants. In order to confirm this is not the case in our study, we 722 
randomly selected 30 double mutants that, based on plate reader measurements, were in 723 
significant positive epistasis, 10 double mutants that were in significant negative epistasis, 724 
and 20 mutants that were not in significant epistasis. Then, we measured the fluorescence in 725 
100,000 individual reads for two replicates of each isolate in a flow cytometer, in the 726 
absence and in the presence of CI (Fig.3 – Figure Supplement 3;4;5). First, we compared if 727 
gene expression noise between single and double mutants was the same, by conducing the 728 
same kind of analysis as described above, and found no differences between mutants 729 
(mutants with no expression: F83,747 = 0.891; P=0.59; mutants with expression: F95,855 = 730 
1.332; P=0.174) (Fig.3 – Source Data 3). We also confirmed that the noise in single/double 731 
mutants was not different to the gene expression noise in isolates from low, intermediate, 732 
and high mutation probability libraries (mutants with no expression: F166,1494 = 0.765; 733 
P=0.746; mutants with expression: F180,1620 = 1.385; P=0.485). Then, we calculated epistasis 734 
in the presence of CI from flow cytometry measurements in the same manner as described 735 
for plate reader measurements (Fig.3 – Source Data 4). To evaluate the significance of 736 
calculated deviations from the additive expectation (epistasis), we use error propagation on 737 
the standard deviation obtained from the combined flow cytometry distributions of the two 738 
replicates, and not on the variance between means of replicate measurements (since the 739 
measured means for each isolated mutant were near identical between replicates). Linear 740 
regression between the estimates of epistasis from the two types of measurements shows 741 
that flow cytometry gives the same description of epistasis as the plate reader measurements 742 
(F1,58 = 350.5; P<0.0001) (Fig.3 – Figure Supplement 6). 743 
 744 
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Because all 150 double mutants were sequenced, we could test if epistasis was associated 745 
with the location of mutations. For the trans-element, we identified three locations: the N-746 
terminus and the C-terminus domains, and the linker region between them (Fig.3 – Source 747 
Data 1). For the cis-element, the mutations could either be in one of the CI operator sites, in 748 
the RNAP contact residues (-10 and -35 regions), in the sites that have direct contact with 749 
both, or those that do not have direct contact with either protein (Fig.3 – Source Data 1). 750 
Then, we tested if existence of epistasis depended on the location of point mutations 751 
through a Pearson’s Chi-squared test, which considered only the binary value for epistasis: 752 
either the presence of significant epistasis or its absence.  753 
 754 
Experimentally accounting for the genetic regulatory structure of the system 755 
We wanted to explore if accounting for the genetic regulatory structure of the studied 756 
system would improve our ability to predict the system DME from the DMEs of its 757 
components. To this end, we put together the low mutation probability trans-element 758 
(Fig.2E) and high mutation probability cis-element libraries (Fig.2 – Figure Supplement 759 
1D) and measured the DME for this library in the manner described above. We put together 760 
these two libraries as they have approximately the same average number of mutations (7 for 761 
the trans- and 6 for the cis-element), allowing a comparison that is not influenced by the 762 
actual number of mutations in each of the two elements.  763 
 764 
In order to experimentally predict the frequencies of phenotypes in each category of the low 765 
mutation trans-element + high mutation cis-element library, we partitioned the low 766 
mutation probability trans-element library in the presence, and high mutation probability 767 
cis-element library in the absence of CI. Using FACS, we partitioned each library into three 768 
bins, corresponding to the no expression, intermediate, and high expression phenotype 769 
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categories. We sorted a minimum of 500,000 individuals into each bin, and grew them 770 
overnight in LB with 30μg/ml kanamycin. Using these populations, we obtained a measure 771 
of sorting accuracy by obtaining a DME of each trans-element partition after overnight 772 
growth. We isolated the plasmids from all six partitioned populations (three cis and three 773 
trans), and cloned all possible combinations of cis- and trans-element partitions to make 774 
nine new mutant libraries. We obtained a DME for each of these libraries, in the manner 775 
described previously.  776 
 777 
Then, we obtained a prediction for the frequency of phenotypes in each of the three 778 
categories for the system mutant library consisting of low mutation probability trans- and 779 
high mutation probability cis-elements. To do so, we weighted the frequencies of 780 
phenotypes in each category of each partition combination library in Fig.5 by the frequency 781 
of that partition in the original trans-element library (Fig.2E). For example, no expression 782 
trans + no expression cis library yielded 93.4% of phenotypes in ‘no expression’ category, 783 
and 6.6% of phenotypes in ‘intermediate phenotype’ category. These were weighted by 784 
0.686, which is the frequency of phenotypes in no expression trans-element category from 785 
which this particular partition combination library was derived (Fig.2E). All weighted 786 
frequencies in the three categories – ‘no expression phenotypes’, ‘intermediate phenotypes’, 787 
and ‘high expression phenotypes’ – across all nine partition combination DMEs were added 788 
up to obtain a prediction for the distribution of phenotypes for the whole system library. As 789 
a control that it is the presence of the cis mutants that leads to a more accurate prediction of 790 
frequencies in the three categories, we used the frequencies of phenotypes based on sorting 791 
accuracy. These two predicted distributions (experimental prediction based on partition 792 
libraries and the prediction based on sorting accuracy) were compared to the actual 793 
distributions using a Pearson’s Chi-squared test. 794 
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 795 
Mathematically accounting for the genetic regulatory structure of the system 796 
We tested if accounting for the genetic regulatory structure improved the naïve convolution-797 
based prediction of the system DME. Similar to the experimental approach, we incorporated 798 
the knowledge of the effects of cis mutations in the absence of CI (F
--
cis). In addition to the 799 
previous analysis, we assume that trans mutants showing high expression phenotypes 800 
(namely, those mutants that have the same expression as the wildtype in the absence of CI) 801 
are loss of function mutants that do not bind any cis mutants. To incorporate this 802 
information into the convolution, we (i) removed the high expression peak from the trans 803 
DME; (ii) performed a convolution between the remainder of the trans DME and the fcis, 804 
(iii) introduced a cutoff, and then, (iv) instead of adding back the high expression wildtype 805 
in the absence of CI (F
--
wt), we add the distribution of cis mutations in the absence of CI (F
--
806 
cis). This distribution is, as for the naïve convolution, added in proportion to the removed 807 
high expression trans phenotypes to normalize the whole distribution. Then, we evaluated 808 
the difference between the predicted DME and the observed system DME using a Pearson’s 809 
Chi-squared test, as previously described. We did this for the three system libraries shown 810 
in Fig.2 and for the high mutation probability cis + low mutation probability trans library, 811 
shown in Fig.4.  812 
 813 
Not all intermolecular epistasis arises from the genetic regulatory structure of the system 814 
While considering the effects of cis mutations on RNAP binding (and hence accounting for 815 
the genetic regulatory structure of the system) explained much of intermolecular epistasis 816 
we observed in system DMEs, we wanted to evaluate the extent to which other mechanisms 817 
might be contributing to epistasis between the cis- and the trans-element. To this end, we 818 
designed a library of 150 system double mutants, by combining point mutations in cis- and 819 
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trans-elements with specific phenotypes. Namely, we selected 150 trans mutants that 820 
exhibited full repression, and 150 cis-element mutants that exhibited high expression in the 821 
absence of CI (Fig.6 – Figure Supplement 1). The system double mutant library made in 822 
this manner corresponds to the partition combination shown in Fig.5G. Note that not all 150 823 
double mutants had a unique point mutation in the cis-element, since we could not identify 824 
150 mutations in cis that did not significantly affect expression levels in the absence of CI. 825 
Then, we measured fluorescence levels for all double mutants and their constitutive single 826 
mutants, and from those measurements calculated epistasis, in the same manner as 827 
described above. Finally, we tested if existence of epistasis depended on the location of 828 
point mutations (Fig.6 – Figure Supplement 2; Fig.6 – Source Data 2) with Pearson’s Chi-829 
squared test, as previously described.  830 
  831 
 832 
 833 
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Table 1. Additive null predictions for interactions between mutations. Most interactions 944 
result in high expression phenotypes because the wildtype in the presence of CI has no 945 
expression, meaning that mutations are either neutral or increase wildtype expression. If an 946 
effect of a mutation is positive, the additive model states that the effect remains positive 947 
(and the same), independent of the genetic background. As such, these predictions are true 948 
only for a system that is tightly repressed, where the wildtype has no expression. ‘High +’ 949 
indicates predictions that result in expression levels above the biologically meaningful limit, 950 
which is defined by the unrepressed PR promoter (shown in Fig.2A). We treat these 951 
predictions as high expression phenotypes. We consider three categorical single component 952 
effects (‘no expression’, ‘intermediate expression’, and ‘high expression’), and show the 953 
categorical effect predicted by the additive null model for the system. We use categorical 954 
effects only to provide an intuition for what the additive model predicts - to obtain actual 955 
predictions of system DMEs, we use convolution (as explained in detail in Materials and 956 
Methods section Naïve convolution of component distributions as the null model for 957 
additivity between mutations).    958 
 959 
 960 
Table 2. Predicting the system DME is possible only when accounting for epistasis 961 
between components. Four different predictions for the frequency of mutants in each 962 
partition (no expression, intermediate, and high expression phenotypes) were compared to 963 
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the actual system distribution, measured in the presence of CI, and consisting of the high 964 
probability cis + low probability trans libraries (Fig.4). The experimental prediction based 965 
on distributions of nine partition-combination DMEs (Fig.5) was obtained by weighting the 966 
nine DMEs with the relative frequency of the original trans partition they were derived 967 
from (from Fig.2E - no expression partitions were weighted by 0.686; novel phenotype 968 
partitions by 0.097; high expression partitions by 0.217). One convolution of cis- and trans-969 
element DMEs was performed in the absence of any knowledge of the genetic regulatory 970 
structure of the system (naïve convolution), and the other by accounting for the effects of 971 
cis mutations in the absence of CI (Fig.2 – Figure Supplement 9). The null prediction tested 972 
if the observed distributions could arise only from the imprecise sorting of the original 973 
trans library partitions (Fig.4J,K,L). Only the experimental prediction based on partition-974 
combination libraries and the convolution that accounted for the genetic regulatory 975 
structure could explain the epistatic interactions between mutants in cis- and trans-elements 976 
(shown in orange).  977 
 978 
Figure 1. Genetic organization of the Lambda phage switch and the experimental 979 
system. A) The Lambda phage switch consists of two transcription factors - CI and Cro; 980 
two promoters - a strong promoter PR and a weak promoter PRM (not shown); and three 981 
operator sites - OR1, OR2, and OR3. B) The experimental synthetic system, where cro was 982 
substituted with the fluorescence marker gene (venus-yfp) under control of PR. The PRM 983 
promoter was removed by the removal of parts of OR3. Located 500bp away on the reverse 984 
strand and separated by a terminator sequence is the cI gene under control of an inducible 985 
PTET promoter. CI, the trans-element, is 714bp; the cis-element is 84bp long. C) CI dimers 986 
bind cooperatively to OR1 and OR2 , leading to repression of the PR promoter.   987 
 988 
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Figure 2. DMEs of the whole system are more evenly distributed than the individual 989 
component DMEs. In the experimental system, CI acts as a tight repressor. The 990 
distributions of fluorescence are shown in the absence of CI (red) and in the presence of CI 991 
(blue). Each distribution was obtained by measuring fluorescence of two independent 992 
measurements of 500,000 cells by flow cytometry, which were then pooled together. The 993 
dashed lines separate three categories of phenotypes – ‘no expression’ phenotypes 994 
(corresponding to repressed wildtype); ‘high expression’ phenotypes (corresponding to the 995 
wildtype in the absence of CI); and ‘intermediate’ phenotypes. No expression and high 996 
expression categories are defined to include >99.9% of the wildtype fluorescence 997 
distribution in the presence and in the absence of CI, respectively. The Shannon entropy (S) 998 
is used to estimate how uniform each distribution is across the entire range of possible 999 
expression levels. The associated standard deviation (±) is given for each S value. Blue 1000 
numbers are percentage of counts in each category in the presence of CI. Numbers in 1001 
parentheses are percentage of counts excluding the estimated percentages of uniquely 1002 
transformed individuals carrying the wildtype genotype (see Methods). The naïve additive 1003 
convolution prediction for each system library and the associated predictions for the 1004 
frequency of mutants in each category are shown in grey. Pearson’s Chi-squared test was 1005 
used to assess the difference between the observed and the convolution-predicted frequency 1006 
of mutants in each category (low: χ2(2)=8.20; P<0.05; intermediate: χ
2
(2)=32.26; P<0.0001; 1007 
and high mutation frequency library: χ2(2)=74.51; P<0.0001). The distributions of the 1008 
effects of mutations for the cis-element, the trans-element, and the whole system in the 1009 
absence of CI are shown in Fig. 2 – Figure Supplement 1. Fig. 2 –Figure Supplement 2 1010 
shows distributions of the effects of 150 single point mutations in the cis- and the trans-1011 
element.  Statistical significance of the differences in entropy values between the mutant 1012 
libraries is shown in Fig. 2 – Figure Supplement 3. Flow cytometry measurements of 20 1013 
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individual isolates from each library are shown in Fig. 2 – Figure Supplement 4,5,6, the 1014 
analysis of which was used to demonstrate that gene expression noise is constant (Fig. 2 – 1015 
Source Data 1). Convolutions for each mutation probability performed with the knowledge 1016 
of the genetic regulatory structure of the system are shown in Fig. 2 – Figure Supplement 7, 1017 
while Fig. 2 – Figure Supplement 9 provides an explanation of how convolutions were 1018 
performed. The outcome of the test for how sensitive the shapes of distributions are to the 1019 
number of sampled individuals is shown in Fig. 2 - Figure Supplement 8, while the 1020 
confirmation that the mutagenesis protocol resulted in expected distributions of the number 1021 
of mutations are shown in Fig. 2 – Source Data 2.  1022 
 1023 
Figure 3. Epistasis in 150 random system double mutants. We created 150 double 1024 
mutants with one unique random point mutation in the cis- and the other in the trans-1025 
element (Fig.3 – Figure Supplement 1; Fig.3 – Source Data 1). In a plate reader, we 1026 
measured expression levels of monoclonal populations of each double mutant and its 1027 
constitutive single mutants in the presence of CI. Epistasis was estimated as the deviation 1028 
of the observed double mutant effect from the additive expectation based on single mutant 1029 
effects (shown for each double mutant in Fig.3 – Figure Supplement 2). The grey bar 1030 
indicates measurements that are not in significant epistasis. Double mutants above the “no 1031 
epistasis” line are in positive epistasis (observed double mutant effect is greater than the 1032 
additive expectation), and those below are in negative epistasis. Distributions of mutational 1033 
effects for single cis and trans mutants, as well as for the double system mutants are shown 1034 
in Fig.2 – Figure Supplement 2, while the data for epistasis calculations is shown in Fig.3 – 1035 
Source Data 2. By measuring expression levels of 60 random double mutants (shown in 1036 
orange) and their constitutive single mutants in the flow cytometer, we confirmed that 1037 
estimates of epistasis using the plate reader correspond to those based on flow cytometry 1038 
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measurements (Fig.3 – Figure Supplement 6; Source Data 3), and that the noise of 1039 
expression is constant for all mutants (Fig.3 – Figure Supplement 3,4,5; Source Data 4).  1040 
 1041 
Figure 4. Distribution of expression phenotypes for the system with high mutation 1042 
probability in the cis-element and low mutation probability in the trans-element. The 1043 
distributions of fluorescence are shown in the absence of CI (shown in red) and in the 1044 
presence of CI (shown in blue). Each distribution was obtained by pooling two independent 1045 
measurements of 500,000 cells. The dashed lines separate three categories of phenotypes – 1046 
no expression phenotypes (corresponding to repressed wildtype); intermediate expression 1047 
phenotypes; and high expression phenotypes (corresponding to the wildtype in the absence 1048 
of CI). Numbers are percentage of counts in each category, in the absence (red) and in the 1049 
presence (blue) of CI. The naïve convolution-predicted DME in the presence of CI, 1050 
performed in the absence of any knowledge of the genetic regulatory structure of the 1051 
system, is shown in grey, together with the corresponding frequencies of mutants in each 1052 
category. The convolution prediction that accounted for the regulatory structure is shown in 1053 
dark green. Results of the Pearson’s Chi-squared test for the differences between the 1054 
observed and both types of convolution-predicted DMEs in the presence of CI are shown in 1055 
Table 2.  1056 
 1057 
Figure 5. Understanding the interactions between mutations in cis and trans by 1058 
accounting for the genetic regulatory structure of the system. Three partitions, obtained 1059 
by FACS, of the low mutation probability trans-element library (corresponding to no 1060 
expression, intermediate, and high expression phenotypes) were combined with the three 1061 
equivalent partitions of the high mutation probability cis-element library in the absence of 1062 
CI. The cis-element library in the absence of CI shows only the effect of mutations on 1063 
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RNAP binding. The DME of the original trans-element library, corresponding to Fig.2E, is 1064 
shown on top. The DME of the original cis-element library, corresponding to Fig.2 – 1065 
Figure Supplement 1D, is shown on the right. The arrows illustrate from which category of 1066 
the original DME (either trans or cis) were the sorted mutants used to make the particular 1067 
combined library. DMEs of all nine partition-combination libraries were estimated using 1068 
flow cytometry, with each distribution obtained by pooling two independent measurements 1069 
of 500,000 cells. Also shown is the sorting accuracy, obtained as the repeated DME 1070 
measurement of each trans partition following the original FACS sorting (panels J,K,L). 1071 
The distributions of fluorescence are shown in the presence of CI. The dashed lines 1072 
separate three categories of phenotypes – ‘no expression’, ‘intermediate’, and ‘high 1073 
expression’ phenotypes. Numbers are percentage of counts in each category. At least in 1074 
part, intermolecular epistasis can be qualitatively explained by considering the genetic 1075 
regulatory structure of the system, as follows. Panels A), B), and C): no expression cis-1076 
element mutants do not bind RNAP sufficiently to lead to expression, so that system 1077 
mutants containing them remain in the ‘no expression’ bin irrespective of the effect of 1078 
mutations in trans. D) no expression trans-element mutants fully repress on wildtype cis. 1079 
When cis-element mutations of intermediate expression are introduced, some still bind the 1080 
functional CI mutants leading to repression, while others carry mutations that prevent CI 1081 
binding, resulting in intermediate expression system mutants. E) Intermediate expression 1082 
CI mutants only partially repress on wildtype cis, but fully repress some cis-element 1083 
mutants that have lowered RNAP binding. Other intermediate expression CI mutants do not 1084 
bind a mutated cis-element background. F) High expression CI mutants cannot bind 1085 
wildtype cis. Similarly, they do not bind intermediate expression cis-element mutants, 1086 
resulting in intermediate expression in the system. G), H): Some high expression cis-1087 
element mutants can fully bind mutated but functional CI mutants, others can only partially 1088 
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bind them, while some maintain full RNAP binding while losing all CI binding. I) non-1089 
functional CI mutants do not repress on wildtype cis, hence also not on mutated cis-element 1090 
backgrounds.  1091 
 1092 
Figure 6. Not all intermolecular epistasis can be explained by accounting for the 1093 
underlying genetic regulatory structure of the system. We created 150 double mutants 1094 
with single mutation combinations corresponding to Fig.5G. A double mutant in this library 1095 
would not be in epistasis unless a mutation in trans binds the cis mutant differently than the 1096 
wildtype trans does. In a plate reader, we measured expression levels of monoclonal 1097 
populations of each double mutant and its constitutive single mutants in the presence of CI. 1098 
Epistasis was estimated as the deviation of the observed double mutant effect from the 1099 
additive expectation based on single mutant effects. The grey bar indicates measurements 1100 
that are not in significant epistasis. The effects of single mutations in cis and in trans, as 1101 
well as the double mutant effects, are shown in Fig.6 – Figure Supplement 1, while the 1102 
underlying data is shown in Fig.6 – Source Data 1. The location of point mutations is 1103 
shown in Fig.6 – Figure Supplement 2 and Fig.6 – Source Data 2.  1104 
 1105 
Figure 2 – Figure Supplement 1. DMEs for cis-element, trans-element, and system 1106 
libraries in the absence of CI. In the experimental system, CI acts as a tight repressor. 1107 
Each distribution was obtained by measuring fluorescence of two independent 1108 
measurements of 500,000 cells by flow cytometry, which were then pooled together. The 1109 
dashed lines separate three categories of phenotypes. ‘No expression’ and ‘high expression’ 1110 
categories are defined to include >99.9% of the wildtype fluorescence distribution in the 1111 
presence and in the absence of CI, respectively. Red numbers are percentage of counts in 1112 
each category in the absence of CI. Numbers in brackets are percentage of counts excluding 1113 
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the estimated percentage of uniquely transformed individuals carrying the wildtype 1114 
genotype. DMEs of the trans-element library in the absence of CI are the same as the 1115 
wildtype. DMEs of the cis-element and system libraries with equivalent mutation 1116 
probability are not different from each other in the absence of CI.  1117 
 1118 
Figure 2 – Figure Supplement 2. Distribution of single mutation effects in 150 random 1119 
system double mutants and their corresponding single mutants. We created 150 1120 
random unique double mutants, with one point mutation in the cis- and the other in the 1121 
trans-element. We measured gene expression of each mutant at a population level in a plate 1122 
reader. Histogram of expression levels in the absence and in the presence of CI are shown 1123 
for: A) point mutations in cis; B) point mutations in trans; C) double mutants in the system. 1124 
Dotted line represents mean wildtype fluorescence in the corresponding environment. Six 1125 
replicates of each mutant were measured. Grey bars indicate mutants that were not 1126 
significantly different from the wildtype. The data underlying this figure is shown in Fig.3 1127 
– Source Data 2. The data from this library is used to calculate epistasis shown in Fig.3.  1128 
 1129 
Figure 2 – Figure Supplement 3. Differences between calculated entropy estimates are 1130 
statistically significant. P values of the differences in entropies of mutant libraries were 1131 
calculated using a nonparametric permutation test.  1132 
 1133 
Figure 2 – Figure Supplement 4. Mutant isolates from the low mutation probability 1134 
libraries. 20 mutants were arbitrarily isolated from the cis, the trans, and the system 1135 
library, and the expression of two replicates of each isolate in the presence of CI was 1136 
measured for 100,000 individuals in the flow cytometer. From these measurements, we 1137 
calculated the gene expression noise for each isolate (Fig.2 – Source Data 1). Each 1138 
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histogram shows the combined distribution based on two replicate measurements, for each 1139 
mutant isolate. The top histogram shows the monoclonal wildtype distribution in the 1140 
absence (red) and in the presence (blue) of CI. 1141 
 1142 
Figure 2 – Figure Supplement 5. Mutant isolates from the intermediate mutation 1143 
probability libraries. 20 mutants were arbitrarily isolated from the cis, the trans, and the 1144 
system library, and the expression of two replicates of each isolate in the presence of CI 1145 
was measured for 100,000 individuals in the flow cytometer. From these measurements, we 1146 
calculated the gene expression noise for each isolate (Fig.2 – Source Data 1). Each 1147 
histogram shows the combined distribution based on two replicate measurements, for each 1148 
mutant isolate. The top histogram shows the monoclonal wildtype distribution in the 1149 
absence (red) and in the presence (blue) of CI. 1150 
 1151 
Figure 2 – Figure Supplement 6. Mutant isolates from the high mutation probability 1152 
libraries. 20 mutants were arbitrarily isolated from the cis, the trans, and the system 1153 
library, and the expression of two replicates of each isolate in the presence of CI was 1154 
measured for 100,000 individuals in the flow cytometer. From these measurements, we 1155 
calculated the gene expression noise for each isolate (Fig.2 – Source Data 1). Each 1156 
histogram shows the combined distribution based on two replicate measurements, for each 1157 
mutant isolate. The top histogram shows the monoclonal wildtype distribution in the 1158 
absence (red) and in the presence (blue) of CI. 1159 
 1160 
Figure 2 – Figure Supplement 7. Mathematical predictions that account for the 1161 
genetic regulatory structure accurately describe the system DME. A) Distribution of 1162 
the monoclonal wildtype population in the absence (red) and in the presence of CI (blue). 1163 
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B) Low, C) Intermediate, and D) High mutation probability system mutant libraries. Shown 1164 
in green are the convolutions that accounted for the effects of cis mutations in the absence 1165 
of CI (Fig.2 – Figure Supplement 1). Frequencies of mutants in the three categories (‘no’, 1166 
‘intermediate’, and ‘high’ expression phenotypes) for the observed system DME are shown 1167 
in blue, while those from the convolution are shown in green. Pearson’s Chi-squared 1168 
statistic and the associated P-value used to test for the differences between the observed 1169 
and the predicted frequencies of mutants in the three categories are shown for each 1170 
mutations probability.  1171 
 1172 
Figure 2 – Figure Supplement 8. Observed distributions accurately describe 1173 
phenotypic distributions of possible mutations. Comparison of random subsamples of 1174 
each dataset to the full dataset using K-S test shows that observed distributions are not 1175 
sensitive to reductions in sample size or mutant library diversity. We take 50 random 1176 
subsamples for each subsample size of each cis- and trans-element mutant library in each 1177 
relevant environment (both absence and presence of CI for cis-element libraries, only 1178 
presence of CI for trans -element libraries). D-statistic from the K-S test is used to estimate 1179 
significance (P value). 1180 
 1181 
Figure 2 – Figure Supplement 9. Predicting the system DME based on convolving 1182 
component DMEs. We attempted to predict the DME for the system by convolving the 1183 
corresponding DMEs of cis and trans components. To do this, we convolved the ‘true’ cis 1184 
distribution (fcis) with the observed trans distribution (Ftrans). Here, we use low mutation 1185 
probability trans and high mutation probability cis libraries to illustrate the procedure. A) 1186 
The ‘reverse engineered’ true cis distribution (fcis), shows how the mutations in the cis-1187 
element alter wildtype expression levels. B) The specific fcis was chosen so to minimize the 1188 
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difference between the observed cis-element DME and the convolution between fcis and the 1189 
observed wildtype distribution in the presence of CI (F
+
wt). C) Convolving fcis with 1190 
unmodified Ftrans gives a predicted system DME with values outside the biologically 1191 
meaningful range. D) In order to impose a biological limit to high expression, which is 1192 
given by the wildtype expression in the absence of CI, we removed the high expression 1193 
peak in the observed trans DME. This was done by fitting a fraction of the wildtype 1194 
distribution in the absence of CI (α) to minimize its (square) difference to the right-hand 1195 
part of the high-expression trans peak (red shaded area). E) Modified trans DME after 1196 
removing high expression phenotypes. F) The naïve convolution prediction for the system 1197 
DME is obtained by convolving fcis with the modified trans DME, and then adding back a 1198 
corresponding amount of the high-expression wildtype distribution in the absence of CI. 1199 
When convolving with the knowledge of the underlying genetic regulatory structure, we 1200 
add back the cis DME in the absence of CI (modified by the scaling factor α). Here, the 1201 
‘naïve’ prediction is shown. 1202 
 1203 
Figure 3 – Figure Supplement 1. Identity and location of mutations in the 150 random 1204 
double mutant library. A) DNA sequence of the trans-element showing the N-Terminal 1205 
Domain (red), C-Terminal Domain (blue), and the linker region connecting the two 1206 
domains (black). B) DNA sequence of the cis-element showing the -35 and -10 RNAP 1207 
recognition sites (from left to right, underlined), and the two CI repressor operators (green). 1208 
Every point mutation in cis was randomly paired with each mutation in trans, to give rise to 1209 
150 unique double mutants. 1210 
 1211 
Figure 3 – Figure Supplement 2. Single mutant effects, as well as predicted and 1212 
observed double mutant effects. Bar charts show log10 of wildtype-normalized expression 1213 
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levels for (i) measured single mutant effect in the cis- (blue) and (ii) in the trans-element 1214 
(orange); (iii) predicted double system mutant expression based on single mutant effects 1215 
(green), and (iv) observed double system mutant effect, for each double mutant. Numbers 1216 
above the bar charts indicate double mutant identity, which correspond to Figure 3 – 1217 
Source Data 1. Dashed line indicates same expression as the wildtype.  1218 
 1219 
Figure 3 – Figure Supplement 3. 30 double mutants with their corresponding single 1220 
mutants, which are in significant positive epistasis. From the library of 150 mutants 1221 
shown in Fig.3, 30 double mutants that were in significant positive epistasis were randomly 1222 
selected. Expression levels of two replicates of each double mutant, as well as its 1223 
corresponding single mutants, in the absence and in the presence of CI were measured for 1224 
100,000 individuals in the flow cytometer. Each panel shows the combined distribution 1225 
based on two replicate measurements, for each mutant, in the absence (red) and in the 1226 
presence (blue) of CI. From these measurements, we calculated gene expression noise for 1227 
each isolate (Fig.3 – Source Data 3), as well as epistasis (Fig.3 – Figure Supplement 2; 1228 
Fig.3 – Source Data 4). The top histogram shows the monoclonal wildtype distribution in 1229 
the absence (red) and in the presence (blue) of CI. 1230 
 1231 
Figure 3 – Figure Supplement 4. 10 double mutants with their corresponding single 1232 
mutants, which are in significant negative epistasis. From the library of 150 mutants 1233 
shown in Fig.3, 10 double mutants that were in significant negative epistasis were 1234 
randomly selected. Expression levels of two replicates of each double mutant, as well as its 1235 
corresponding single mutants, in the absence and in the presence of CI were measured for 1236 
100,000 individuals in the flow cytometer. Each panel shows the combined distribution 1237 
based on two replicate measurements, for each mutant, in the absence (red) and in the 1238 
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presence (blue) of CI. From these measurements, we calculated gene expression noise for 1239 
each isolate (Fig.3 – Source Data 3), as well as epistasis (Fig.3 – Figure Supplement 2; 1240 
Fig.3 – Source Data 4). The top histogram shows the monoclonal wildtype distribution in 1241 
the absence (red) and in the presence (blue) of CI. 1242 
 1243 
Figure 3 – Figure Supplement 5. 20 double mutants with their corresponding single 1244 
mutants, which are not in significant epistasis. From the library of 150 mutants shown in 1245 
Fig.3, 20 double mutants that were not in significant epistasis were randomly selected. 1246 
Expression levels of two replicates of each double mutant, as well as its corresponding 1247 
single mutants, in the absence and in the presence of CI were measured for 100,000 1248 
individuals in the flow cytometer. Each panel shows the combined distribution based on 1249 
two replicate measurements, for each mutant, in the absence (red) and in the presence 1250 
(blue) of CI. From these measurements, we calculated gene expression noise for each 1251 
isolate (Fig.3 – Source Data 3), as well as epistasis (Fig.3 – Figure Supplement 2; Fig.3 – 1252 
Source Data 4). The top histogram shows the monoclonal wildtype distribution in the 1253 
absence (red) and in the presence (blue) of CI. 1254 
 1255 
Figure 3 – Figure Supplement 6. Flow cytometer and plate reader measurements give 1256 
equivalent estimates of epistasis. Epistasis was calculated as the deviation of the double 1257 
mutant effect from the additive prediction based on single mutant effects. From the original 1258 
150 double mutants measured in the plate reader, 30 that were in significant positive, 10 in 1259 
significant negative, and 20 that were not in significant epistasis were selected (shown in 1260 
orange in Fig.3). Epistasis for these 60 mutants was calculated based on mean fluorescence 1261 
and standard deviation (gene expression noise) obtained through flow cytometry 1262 
measurements of 200,000 individuals (Fig.3 – Figure Supplement 3;4;5). Linear regression 1263 
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was performed to test for correlation between two experimental approaches to calculating 1264 
epistasis. Dotted lines are the 95% confidence intervals around the no-epistasis null model 1265 
(Log10(epistasis) = 0). Grey areas indicate that the two experimental methods give the same 1266 
qualitative description of epistasis (positive, negative, or no significant epistasis). The data 1267 
underlying this figure is shown in Fig.3 – Source Data 2;4.  1268 
 1269 
Figure 6 – Figure Supplement 1. Distribution of single mutation effects in 150 system 1270 
double mutants and their corresponding single mutants. We created 150 unique double 1271 
mutants, with one point mutation in cis that had high expression in the absence of CI, and 1272 
the other in trans that exhibited no expression in the presence of CI. We measured gene 1273 
expression of each mutant at a population level in a plate reader.  Histograms of expression 1274 
levels in the absence and in the presence of CI are shown for: A) point mutations in cis; B) 1275 
point mutations in trans; C) double mutants in the system. Dotted line represents mean 1276 
wildtype fluorescence in the corresponding environment. Six replicates of each mutant 1277 
were measured. Grey bars indicate mutants that were not significantly different from the 1278 
wildtype. The data underlying this figure is shown in Fig.6 – Source Data 1. 1279 
 1280 
Figure 6 – Figure Supplement 2. Identity and location of mutations in the double 1281 
mutant library with a trans mutation that has no expression in the presence of CI, and 1282 
a cis mutation with high expression in the absence of CI. A) DNA sequence of the 1283 
trans-element showing the N-Terminal Domain (red), C-Terminal Domain (blue), and the 1284 
linker region connecting the two domains (black). B) DNA sequence of the cis-element 1285 
showing the -35 and -10 RNAP recognition sites (from left to right, underlined), and the 1286 
two CI repressor operators (green). Unlike the double mutant library shown in Fig.3, where 1287 
each double mutant had a unique mutation in cis and trans, in this library some cis 1288 
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mutations had to be repeated, as we could not identify 150 mutations in cis that had high 1289 
expression in the absence of CI. 1290 
 1291 
 1292 
Figure 2 – Source Data 1. Gene expression noise is constant. The flow cytometry data 1293 
obtained for 20 cis, trans, and system mutant isolates from each mutation probability 1294 
library was used to quantify gene expression noise. The data provided here are shown in 1295 
Fig.2 – Figure Supplement 4,5,6.  1296 
 1297 
Figure 2 – Source Data 2. Sequencing 40 isolates from each cis- and trans-element 1298 
library confirms the predicted distribution of the number of mutations. This data also 1299 
allowed us to estimate the frequency of ‘back’ cloning (wildtype re-ligating instead of the 1300 
desired insert), and of the frequency of ‘failed’ cloning (no insert of any type).  1301 
 1302 
Figure 3 – Source Data 1. Identity and location of mutations in the 150 random 1303 
double mutant library. 1304 
 1305 
Figure 3 – Source Data 2. Calculating epistasis from the effects of 150 random double 1306 
mutants and their corresponding single point mutations, measured in plate reader. 1307 
The data provided here are shown in Fig.3, Fig. 2 – Figure Supplement 2, and Fig.3 – 1308 
Figure Supplement 1. 1309 
 1310 
Figure 3 – Source Data 3.  Gene expression noise in single and double mutants is 1311 
constant. Flow cytometry data obtained for 60 double mutants and their corresponding 1312 
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single mutants, in the absence and in the presence of CI, was used to quantify gene 1313 
expression noise. The data provided here are shown in Fig.3 – Figure Supplement 2,3,4. 1314 
 1315 
Figure 3 – Source Data 4. Calculating epistasis from the effects of 60 random double 1316 
mutants and their corresponding single point mutations, measured in flow cytometer. 1317 
The data provided here are shown in Fig.3 – Figure Supplement 1.  1318 
 1319 
Figure 6 – Source Data 1. Calculating epistasis from the effects of 150 double mutants 1320 
and their corresponding single point mutations, measured in plate reader. This library 1321 
consists only of point mutants in cis that lead to high expression in the absence of CI, and 1322 
point mutants in trans that result in no expression in the presence of CI. The data provided 1323 
here are shown in Fig.6, and Fig. 6 – Figure Supplement 1. 1324 
 1325 
Figure 6 – Source Data 2. Identity and location of mutations in the library of 150 1326 
double mutant, with a point mutation in cis that leads to high expression in the 1327 
absence of CI, and a point mutation in trans that leads to no expression in the 1328 
presence of CI. 1329 
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